The success of deep learning technology depends on the availability of adequate amounts of data for training deep neural networks. Many repositories of general two-(2D) and three-dimensional (3D) data are available, but relatively few repositories of 3D models from the engineering field exist. In industrial process plants, the 3D shapes of plants are captured accurately by creating point clouds through laser scanning. To develop 3D deep learning models that employ point clouds for process plants, it is necessary to first generate the point cloud data required to train deep neural networks for each constituent part (plant item) of a process plant. This study describes the results of an attempt to construct a segmented point cloud repository of the various pipework sections and fittings that constitute a process plant for use in deep learning applications.
Introduction
Deep learning is a machine learning method based on learning representations of data, unlike algorithms that are specialized for certain tasks [1] . Deep learning employs layers that contain nonlinear processing units. Each layer converts the representation of one level into the representation of a somewhat more abstract level. A deep learning model consisting of an adequate number of layers can possibly be employed to extract abstract high-dimensional data from raw input.
Deep learning methods, such as deep belief networks, convolutional neural networks, and recurrent neural networks, are used in fields such as computer vision, audio recognition, natural language processing, social network filtering, machine translation, bioinformatics, medical image analysis, facility reliability inspection, and design optimization [2] [3] [4] [5] [6] . In certain cases, these deep learning methods have produced results that are equal or superior to those produced by human experts.
As implied by the name, the deep neural networks employed in deep learning consist of multiple neural network layers because of which the number of parameters needed for the same perceptive field can be reduced. Moreover, they can increase learning efficiency by hierarchically decomposing the problem to be learned. However, as the number of layers increases, a larger quantity of data and faster computations are required in the learning process. Big data and graphics processing unit (GPU)-based parallel computing are widely used to create environments for training deep neural networks [7] [8] [9] .
As mentioned previously, the success of deep learning technology depends on the availability of an adequate amount of data for training deep neural networks. Currently, many repositories of two-(2D) and three-dimensional (3D) data are available. For example, the ImageNet [10] dataset contains more than 1 million images of various types, and each image is labeled by class or type. The Modified National Institute of Standards and Technology (MNIST) [11] and Canadian Institute for Advanced Research (CIFAR) [12] datasets contain large numbers of diverse types of 2D images. The ShapeNet [13] dataset contains three million 3D models, of which 220,000 are classified into 3,315 categories. Princeton Shape Benchmark [14] is a 3D model repository in which 907 models are classified into 90 categories. This repository can be used to evaluate shape-based search and analysis algorithms. In ModelNet40 [15] , 12,311 CAD models are classified into 40 categories.
3D model repositories for engineering include Duke University's AIM@Shape [16] and Drexel University's 3D CAD dataset [17] . In AIM@Shape, 801 3D models of mechanical parts are classified into 42 categories. In the 3D CAD dataset, 180 3D models of mechanical parts are classified into 9 categories. An examination of 3D model repositories shows that there are markedly fewer engineering 3D models (mainly comprising mechanical parts) relative to the number of general 3D models.
Most 3D models in existing repositories employ mesh formats. The 3D CAD dataset of Drexel University contains boundary-representation (B-rep) format 3D models. When voxel format or point cloud format 3D models are required, they are created by processing mesh or B-rep models as described in [18] . However, it is difficult to use this method when the shapes represented by the mesh or B-rep models differ from those of the actual objects.
Process plants, such as oil and gas plants, refineries, and chemical plants, are sets of equipment and materials that collectively form a continuous production system by taking in raw materials as inputs and producing the desired final products as the outputs. Process plants in turn comprise a series of subsystems for piping, mechanical, structural, electrical, and heating, ventilation, and air-conditioning functions [19] . Of these, the piping system is a core subsystem of a process plant, and it consists mainly of pipes and fitting parts.
Unlike mechanical 3D models, the 3D models created in the detailed design stage of a process plant differ from the actual 3D shapes of the parts that constitute the plant [20] . Because each process plant consists of millions of parts, the shapes of the parts are simplified for use in the 3D design. Consequently, typically, accurate 3D models of process plants that are under construction or in operation are developed by generating point clouds with laser scanning.
Large quantities of training data are required to develop a deep learning model. Because 3D point cloud models are often used in the process plant sector, it is necessary to generate point cloud data of the major parts required for deep neural network training to use deep learning technology for classification, detection, and semantic segmentation of parts. However, less data are available for specialized fields, such as point clouds of fitting parts in process plants. Few studies pertaining to the extraction of training data have been reported. In connection with this, the present study describes the results of constructing a segmented point cloud repository of the fitting parts that constitute a process plant to facilitate the use of deep learning.
The main contribution of this study is the development of a method to generate a set of segmented point clouds of fitting parts as training data that will be used to develop a deep learning model by many researchers in the process plant industry. In addition, we define a new classification scheme by modifying an existing classification scheme for fitting parts in terms of shape similarity; the proposed classification scheme is used to assign labels (classes) to the training data (segmented point clouds).
The remainder of this paper is organized as follows: The method to generate segmented point clouds is proposed in Sect. 2. The constructed repository of segmented point clouds of fitting parts is explained in detail in Sect. 3. The representative areas in the process plant industry in which the segmented point clouds of fitting parts can be utilized effectively are described in Sect. 4. Finally, this study is concluded in Sect. 5.
Method for creating segmented point clouds of fitting parts

Process plant point cloud characteristics
Laser scanning is commonly employed to obtain point clouds of 3D data for representing the as-built conditions of large-scale facilities, such as process plants, cultural heritage sites, and buildings [21] . Point clouds are sets of points that have 3D coordinates, as well as color and normal direction data. The process of generating point clouds of process plants broadly consists of collection and preprocessing. In the collection stage, laser scanners are installed at several locations in the target site, and several point clouds are obtained from these locations. In the preprocessing stage, filtering processes, such as outlier removal, are performed on the point clouds acquired from each location, which are then combined and registered as a single point cloud [22] .
Due to line-of-sight limitations and occlusions caused by other objects, it is difficult to obtain point clouds of all areas in a processing plant, even when laser scanners are installed in multiple locations. Furthermore, the density of points in a point cloud decreases as the distance from the scanner increases. Consequently, point clouds provide partial shapes as opposed to entire shapes of the individual components of a process plant.
In the point clouds obtained using lasers, each point only has 3D coordinates, and the semantics of the objects (e.g., object type, name, and properties) are not provided in the point clouds. Moreover, compared to a point cloud representing normal mechanical parts, process plant point clouds are obtained in very large outdoor environments and, therefore, have low accuracy and a high possibility of outliers.
Extraction of segmented point clouds of fitting parts
Given the point cloud of an entire process plant as the input, we extract segmented point clouds of the fitting parts as the output. The segmented point clouds of fitting parts are distinguished and extracted manually from the point cloud of the entire process plant. Cyclone software (Leica Geosystems) [23] was used to execute the segmented point cloud extraction process. The extracted segmented point clouds were divided by shape and grouped according to a predefined tree structure for classifying the fitting parts. Areas in which it was difficult to distinguish the fitting parts, owing to problems such as noise or occlusions caused by different objects, were excluded from the segmented point cloud extraction targets during the extraction process. Moreover, because process plant point clouds have a lower point density than mechanical part point clouds and there are variations in point density, it is difficult to distinguish the type of fitting parts are small in size. Therefore, such parts were excluded from the extraction targets.
Three variations of segmented point clouds were extracted for each specific fitting part with consideration of training efficiency, as shown in Fig. 1 . The first type of segmented point cloud ( Fig. 1a ) contained all points related to the shape of the fitting part. The second type ( Fig. 1b ) contained the points related to the partial shape of other adjacent parts outside of the shape of a fitting part. The third type ( Fig. 1c ) included only some of the points related to the shape of the fitting part.
The segmented point cloud set of the fitting parts was extracted and constructed manually, and the suitability of the classification was reviewed by managers at "W" company, which specializes in laser scanning and reverse engineering of process plants.
Segmented point cloud repository of pipework fittings
Input process plant point cloud
To build a repository of segmented point clouds of industrial pipework and associated fittings, an oil refining plant (scan area approximately 200 m × 100 m × 60 m) was laser scanned, and the obtained point clouds were used. A ScanStation P20 laser scanner (Leica Geosystems) was used to scan approximately 800 locations within the oil refinery and create a point cloud. The input point cloud file size was approximately 180 GB, and the resolution was 12.5 mm at 10 m.
In developing a deep learning model, it is essential to gather as many segmented point clouds as possible of process plant components (or parts) instead of the entire process plant. Furthermore, the gathered segmented point clouds should be labeled. Fitting parts are commodities, such as bolts and nuts, and thus, they are independent of the type or scale of a specific process plant. Therefore, details such as the types of fittings and the number of segmented point clouds generated for each fitting type are elaborated in Sects. 3.2 and 3.3, respectively. 
Classification of pipework fittings
To group the extracted segmented point clouds, a fitting part classification tree was defined, which included a list of part types and the hierarchical relationships between them [20]. The part types located at the bottom-most nodes on the classification tree were the labels (or classes) of each segmented point cloud in the training process of the deep learning model. To define the classification tree, we referred to the specification catalog of AutoCAD Plant 3D (Autodesk, Inc., CA, USA) [24] , which is a plant 3D CAD system.
The fitting parts included in the AutoCAD Plant 3D specification catalog are associated with a classification tree composed of two stages, as shown in Fig. 2 . Based on the bottom nodes, there are approximately 60 types of fitting parts. The criteria for classifying a part generally include the function of the part, its structure (shape), and operating method [25] . That is, part types are not classified only based on part shape. As such, there are cases in which parts have shapes with no major differences, even though the part types differ. By contrast, the point clouds that are used to train deep learning models must be classified according to shape because they contain no other semantics for parts. In consideration of this requirement, the types of fitting part that have similar shapes in the fitting part classification tree of AutoCAD Plant 3D were included in one group, and the fitting parts were reclassified into 28 types, as shown in Fig. 2 . In this process, the fitting part types such as nipples and plugs that were difficult to distinguish within the point cloud and extract as segmented point clouds owing to their very small sizes (e.g., the fitting part types shown in gray in Fig. 3 ) were excluded.
Statistics of the segmented point clouds created in the repository
Segmented point clouds representing process plant fittings were created from the input clouds described in Sect. 3.1 according to the classification tree described in Sect. 3.2. The resulting segmented point clouds can be downloaded from the EIF laboratory homepage [26] . In the creation process, 4647 segmented point clouds of 17 fitting part types were generated, as shown in Fig. 3 . An examination of the specific segmented fitting part point cloud quantities showed that there were 699, 1620, 15, 507, 18, 75, 300, 1341, and 72 segmented point clouds of valve-type fittings, flange series, cross series, tee series, olet (branch) types, strainer types, reducer series, elbow series, and pipe types, respectively.
In the segmented point cloud repository, the numbers of segmented point clouds created for each type of fitting (label) were not uniform. This could possibly be ascribed to the following reasons. First, there may have been a concentration of certain fitting parts or a lack of certain fitting parts in the process plant point cloud used in this study. Normally, many pipes are used in the piping discipline; consequently, there is a natural increase in the usage frequency of pipe connections, such as elbows and reducers. Second, it may be impossible to obtain a segmented point cloud owing to lower-resolution scans in areas that include large numbers of certain fitting parts, in which it is difficult to distinguish shapes. Third, when manually extracting a segmented point cloud, certain fittings may not be distinguished owing to problems such as the operator's lack of experience or occlusions due to other objects. Figure 4 shows that the average sizes of segmented point clouds differed between types of fittings. The segmented point cloud of valve-type fittings was the largest, containing on average approximately 110,000 points, and that of eccentric reducer (ECC) fittings was the smallest, containing on average approximately 17,000 points. Table 1 analyzes the segmented point clouds according to each type of fitting part. The sizes range from small (reducer CONC) clouds that consists of approximately 360 points (file size 12 KB), to a large segmented point cloud (tee) comprising approximately 1.4 million points (file size 42 MB). In terms of the standard deviations in the numbers of cloud points generated for each fitting type, the orifice flange type had the smallest standard deviation of approximately 5000, and the valve type had the largest standard deviation of approximately 170,000. This confirms that the number of points included in the clouds may be nonuniform, even though they describe the same type of part. Figure 5 shows the shapes of the segmented point clouds created for each type of fitting, which are sufficiently detailed such that a person can distinguish the part types. However, as mentioned in the previous section, owing to limitations in terms of laser scanning locations and occlusions due to other objects, there are cases in which the shapes of the fittings are partially omitted, and the entire shapes cannot be shown.
Use cases for segmented point cloud repository of pipework fittings
Postprocessing of segmented point clouds
The set of segmented point clouds of oil refinery plant fittings created in this study can be used for deep learning in the field of 3D modeling, either directly or after postprocessing. Learning models such as PointNet++ [27] employ point clouds as their input, which allows for the direct use of the segmented point cloud set that was created in the repository in this study. Multi-view convolutional neural networks (MVCNNs) [28] use 2D images created by rendering 3D models at several time points. Therefore, they require Fig. 6 . In the case of deep learning models, such as 3D ShapeNet [15] , that use voxel format 3D models as the input, the segmented point clouds must be subjected to voxelization [29] to create voxel models.
Deep learning models using segmented point clouds: applications in industrial process plants
The process plant sector has a very diverse range of applications for 3D models that employ segmented point clouds of pipework fittings. Typical examples include reverse engineering [21] , configuration management [30] , and maintenance support [31] . The typical method for acquiring accurate 3D models of a process plant that is under construction or in operation involves creating point clouds through laser scanning. Moreover, 3D CAD models of plants are created using on point clouds, and these models are used in the expansion or partial design change of an existing process plant or for 3D simulation of a plant under construction. To these ends, the points that share similar properties (segmented point clouds) are segregated in the overall point cloud. Information objects (i.e., catalogs of equipment and materials) that have similar shapes as these segmented point clouds are identified and selected from a modeling library of a plant 3D CAD system and arranged in 3D space. By using a deep learning model that classifies fitting types from among the segmented point clouds, it is possible to automate the process of identifying (fitting part) catalogs that have shapes similar to the input segmented point clouds.
Many changes occur in equipment and materials during operations at an active plant. Because a single plant may contain millions of items of equipment and materials, manual management and recording of these changes are practically very difficult. To overcome this challenge, an operating plant is scanned; point clouds are created; and the major materials and items of equipment, including fitting parts, are recognized from the point clouds. These recognition results are then compared to the 3D CAD model of the plant, and the history of changes to major equipment and materials is traced by understanding the differences in their configurations or arrangements. During this process, there is a high possibility of the use of 3D deep learning models for detecting or classifying the types of pipework fittings found in the segmented point clouds.
In process plants, workers are increasingly using various mobile devices to perform maintenance operations. Such devices are normally equipped with cameras to capture images of the surrounding environment, and therefore, during these maintenance procedures, there is a need for a process to distinguish the equipment and materials targeted for maintenance as represented in these images. The existing methods commonly use markers and barcodes for this purpose. However, by developing 3D deep learning models that classify and detect fitting types from 2D images, it will 
Conclusions
A repository for segmented point clouds of industrial plant fittings was created to facilitate the development of 3D deep learning models by employing point clouds obtained within industrial process plants. The segmented point clouds can be downloaded from the EIF laboratory homepage [26] . To create the repository, a point cloud was obtained by laser scanning an oil refinery. To group the segmented point clouds of plant fittings that were extracted from the overall point cloud, a fitting part classification tree comprising 28 types of parts was defined. The segmented point clouds representing the plant fittings were extracted from the target input point cloud, leading to the creation of 4647 segmented point clouds of 17 types of plant fittings. An analysis of the resulting repository indicated that different numbers of segmented point clouds were created for each type of fitting (label), which is one area for future improvement. Moreover, there is a need to increase the number of fitting parts represented by the segmented point clouds. The set of point clouds created in this study can be used in 3D deep learning models, either directly or after postprocessing. Moreover, they can be employed in a variety of fields, such as reverse engineering, configuration management, and maintenance support.
